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Fig. 9 Diagnostic accuracy with different number of hidden layers
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compression ratios
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Tab.3 Parameters setting

52 KELM
S22 1 AR " P ES A ;
e TS HERH
ik Number of Regularization Top-level Weight
Methods  hidden layer swarz KELM &
coefficient coefficient
nodes penalty
coefficient
CS- .
DMKELM 150~50 inf 100 0.5
CS-
DMKELM- 73~80 998.549 56.192 0.757
PSO

R4 PSOEEITS WS B FN12 U B 8] 9 2500
Tab. 4 Effect of PSO algorithm on diagnostic accuracy and

diagnostic time

Jiik T

1Z Wi I 1]

Methods Diagnostic accuracy/% Diagnostic time/s
CS-DMKELM 95.05 0.05
CS-DMKELM-PSO 99.29 0.55
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157 435 18] £ AL (Support Vector Machine, SVM) # ] 72
I FH T T S HLAR e B o3 2 40l . 2% CS IR 24 )
SR, SCHR (8 74 T 3 T R4 R AR S IR E 4
% 2% (Deep Neural Network, DNN ) AH 25 & ) il 7K il
Wi (CS-DNN) , CHR[9 ] 42 i TR T CS 5
A (14 % B A BIR 27 >0 AT AH il 75 114 il 7 i o 12 DRy 1
(CS-ML-ELM) . NEGIEASC 2 7 ik et 54
R, e P AD 2 L5 1k (ANN  SVMD) T Fif 5 357 )
& 45 B 5 8 g iz Wi 45 4 19 7 12 (CS-DNN . CS-ML-
ELM)i#17 HL#%2 .

5 R R B R A 2T IL 02 WOk BE FN2 I B
[] (R 20 Y S B30 - 018D, DL R &2 05 1912
Wris e thas R . WIZWItG 2 & AR SO 4 U7 ki
B, HOE 2128 B0RS B ik 51 99. 29% 5 BA— ) SVM J5 1k
AR, VY2 Wik B AU N 80. 67% . M2 Wi ke e 1 7
A, AR SO ke g e, RS T SVM Jr
e HHARHE2Z A BEIL ) 0. 67% ; ANN FasE M 22,
PRUEZEN 4.33% . MIZWibf[E] & AR SCHT 2 7 i 1)
L Wi A] B¢ 2, AU h 0. 55 53 CS-DNN ik i T &
TR B 45 25K IS W ) i, 5k 176 s

HI 3R S AT, BT A SCR AT CS 7 i, 48 i i A
Akt /N T SVM FI ANN W 28 L3 3k 12 BT[] K
MR /D AT R R PR A, A2 Wik Bt s TR )
2 MU X T ldk A CS-DNN fE Ak 3k, 5 R SCpr
T — ML A T CS S, H A T DNN B4R 2
F AL S SVM FIL ANN B35 K 4 =, (HAH L T
AR ST HRAR I 45 5 2 | N 245 3 R e A st 1) o G 7
ZWORE B RNZ W [R) 1 5 AR SCRT 4 5 VA AE AE I i 22
PH . CS-ML-ELM #H%¢ CS-DNN 752 Wk B FiAs 5
FEME_E Z BN K (B2 Wit 8] R >, 28 L FT
W, 7R ST Y CS-DMKELM-PSO 1 25 W 2% 75 1 B



5 47 B4 6 1Y)

A B, A5 - T RO AR IO 5 TR 2 AR B3 T WL B el il a2 Wi 12 55

EEL R TAL O
£S5 FEITHEHMEER L

Tab.5 Performance comparison of different methods

\ SR I ABORGE
\, g IR gy AR
ik Diagnosti Accuracy Diagnosti 1

Methods ace gracs /;, standard ti%ne/ss ¢ Input data
uracyrto deviation/% dimension
CS-
DMKELM- 99.29 0.67 0.55 1000x120
PSO
SVM 80.67 0.33 3.37 1 000x2 400
ANN 93.33 4.33 52.0 1 000x2 400
CS-DNN 97.67 1.66 176 1000x120
CS-ML-ELM 97.33 1.00 1.15 1000x120
4 FHig
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Systems and Signal

Bearing fault diagnosis method based on improved compressed sensing and

deep multi-kernel extreme learning machine

FU Qiang HU Dong YANG Tongliang LUO Guoqing TAN Weimin

(College of Engineering and Technology, Southwest University, Chongqing 400100, China)

Abstract: In response to challenges such as large sampling data, extended diagnosis time, and subjective fault feature

selection in traditional bearing fault diagnosis, based on compressed sensing (CS) and deep multi-kernel extreme learning

machine (D-MKELM) theory, a CS-DMKELM intelligent diagnosis model for rolling bearings was proposed. Firstly, sparse

signals were obtained through threshold processing of transformed domain signals. A Gaussian random matrix was employed

as the measurement matrix to compress the processed data. Secongly, the compressed data was used as the input signal for the

D-MKELM. Particle swarm optimization (PSO) algorithm was applied to optimize critical parameters, enabling intelligent

fault diagnosis. Results demonstrate that the proposed method, using only a small amount of bearing diagnostic data,

automatically extracts feature information of bearings from a limited number of measurement signals through the D-MKELM.

The proposed method enables rapid fault diagnosis of bearings. With a diagnostic time of 0.55 s, a final recognition accuracy

of 99.29% was achieved. The proposed method reduces the diagnostic time and exhibits the high diagnostic accuracy,

providing a new approach for handling massive bearing data in the fault diagnosis.
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